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Multi-particle interference is an essential ingredient for fundamental quantum mechanics phe-
nomena and for quantum information processing to provide a computational advantage, as recently
emphasized by Boson Sampling experiments. Hence, developing a reliable and efficient technique to
witness its presence is pivotal towards the practical implementation of quantum technologies. Here
we experimentally identify genuine many-body quantum interference via a recent efficient protocol,
which exploits statistical signatures at the output of a multimode quantum device. We successfully
apply the test to validate three-photon experiments in an integrated photonic circuit, providing
an extensive analysis on the resources required to perform it. Moreover, drawing upon established
techniques of machine learning, we show how such tools help to identify the - a priori unknown
- optimal features to witness these signatures. Our results provide evidence on the efficacy and
feasibility of the method, paving the way for its adoption in large-scale implementations.

INTRODUCTION

Quantum technologies are expected to begin sup-
planting classical computing in the next decades,
where achievements of growing complexity are pro-
gressively accomplished1. Tasks that will benefit
from their introduction range from computational2 to
telecommunication3 areas, where the strongest advan-
tages will revolve around both speedups and security is-
sues of quantum information processing. To this aim,
the authentication of a truly quantum behaviour of their
operation proves to be a crucial aspect to deal with
along their development4–10. In this context, Boson
Sampling is playing a special role to support this shift
of paradigm and, as such, the community is making
great efforts to provide strong, reliable evidence of gen-
uine quantum interference at the core of its quantum
computational advantage11–17. In the last few years, a
number of effective techniques have been designed18–22
and experimentally tested23–31 to show that it is indeed
possible to discern different degrees of multi-photon in-
terference, corresponding to the cases of input states
with distinguishable particles23–31, mean field states28,31
and trivial distributions24,29–31. Together, these ap-
proaches represent a powerful toolbox suitable for the
assessment of experiments of size much larger than that
currently available. However, for Hilbert spaces large
enough for a strong evidence of quantum supremacy17,32,
computational25 and hardware19,22 limitations in these
algorithms start hindering a practical implementation.
A promising solution to these issues was offered recently
by a novel protocol developed by Walschaers et al.33,34,

which aims at identifying distinctive statistical features
in the output distibution of a Boson Sampling device
to discriminate between the above-mentioned alternative
hypotheses. Based on advanced and mostly analytic tools
from statistical physics and random matrix theory, this
method presents two clear advantages with respect to
the previous schemes. First, it is provably efficient in
the number of photons n and modes m. Second, by fo-
cusing only on easy-to-evaluate quantities retrieved from
the output data sample, it does not require additional
hardware19 or dynamic reconfiguration of the unitary
transformation applied on the input27, which could in-
volve further complexity and/or loopholes to the overall
apparatus.

In this work, we report on the first demonstration
of this recent scheme to discriminate true multi-photon
interference33,35–38. The experiment was performed by
injecting up to n=3 photons in a m=7-mode integrated
interferometer, fabricated via femtosecond laser writing
technique13,15. Based on our experimental data, we car-
ried out numerical simulations to investigate the depen-
dency of the discrimination on the amount of data fed
into the protocol. This study provides a first concrete
estimate of the physical resources necessary for a reliable
implementation, as well as of its robustness in the prac-
tical case of random input samples of finite size. The
analysis is further enhanced by the adoption of pattern
recognition algorithms, to get a quantitative confirmation
of the goodness of our findings. Furthermore, we present
a new approach to this task based on well-developed ma-
chine learning techniques, specifically on random forest
classifiers, which allows us to sharpen the original pro-
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FIG. 1. Scheme of the apparatus. The experimental implementation of the protocol by Walschaers et al33 can be divided in
three main parts: (i) generation of heralded three-photon states, with the possibility of switching between indistinguishable (I)
and distinguishable (D) particles by varying the time delay and removing the interference filters. Input states evolve through
a five-step network implementing a 7-mode random unitary transformation. Since the outermost modes of the network are
not connected, and thus Haar-random unitary transformations are not supported, we uniformly sampled the internal phases
between the interferometer arms; (ii) a detection stage, to estimate the number of events Nklm, including those with more than
one photon per mode. To achieve approximate photon number resolution we arrange a cascade of in-fiber beamsplitters and
measure the counts from 7 × 2+7=21 detectors; (iii) a final electronic acquisition system capable to assign all three-photon
postselected events to the corresponding state, and thus evaluate the C-dataset.

posal by identifying - a priori unknown - near-to-optimal
statistical quantifiers of the distinctive features of many-
particle dynamics. Our results confirm the efficacy of
the approach already for a Hilbert space of limited size,
that is the most critical regime for the performance of
the protocol, while being expected to even improve with
increasing dimensions.

RESULTS

Assessing multi-photon interference

General strategies for assessing many-body quantum
interference find a natural framework in linear-optical
platforms and, in particular, in the scope of Boson Sam-
pling experiments. Indeed, the corresponding computa-
tional problem consists in sampling from the output dis-
tribution given by n indistinguishable bosons evolving
through a random m-mode linear network. To warrant
the assumptions that underlie its computational com-
plexity, a crucial issue is the certification that the distri-
bution sampled from the device is the result of genuine
quantum interference.

In principle, knowledge of all the statistical proper-
ties of the many-body quantum state would demand
the reconstruction of high-order correlation functions,
which in turn requires the computation of the entire
set of probabilities. However, it was recently proposed
that a clear signature of genuine quantum interference
can be retrieved already through lower-order correla-
tions, which are easy to compute both theoretically and
experimentally33. This validation protocol is based on
the evaluation of statistical features of the so-called C-

dataset, the collection of two-mode correlators Cij for all
possible output pairs. The proposed correlation function
is defined as

Cij = 〈n̂in̂j〉 − 〈n̂i〉〈n̂j〉 (1)

where the indexes (i, j) are the two output ports with
i < j, n̂i is the bosonic number operator and the ex-
pected value 〈·〉 has to be estimated over the output dis-
tribution. The quantities needed by the protocol and
derivable from the C-dataset are the normalized mean
NM (the expected value divided by n/m2), the coeffi-
cient of variation CV (the standard deviation divided by
the first moment of the distribution) and the skewness
S. For a fixed bosonic input state and random unitary,
direct sampling of photons in pairs of output modes of a
quantum device allows to estimate the corresponding C-
dataset and, consequently, a point in the space spanned
by (NM, CV, S). In such space all points related to al-
ternative models, such as distinguishable particles, mean
field states19 and fermions, tend to group together in sep-
arate clouds. Average values for the first three moments
can be predicted analytically using Random Matrix The-
ory (RMT), averaging over Haar-random unitary trans-
formations.

In the original proposal33, the plane (CV, S) was
adopted as the most suitable to identify different particles
statistics. Aiming to discriminate between indistinguish-
able and distinguishable bosons with n=3 and m=7, we
observe that for small-size experiments the two types of
particles present instead more distinct behaviors in the
plane (NM, CV) (see Supplementary Note 1 and Supple-
mentary Fig. 1)33,34. Our first goal was then to evaluate
the pair of moments (NM, CV) from the C-dataset, so as
to place our experimental point in the plane and assign
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FIG. 2. Experimental output data samples for indistinguishable particles. For both input states A=(1,4,5) and
B=(1,3,6), we measured three-photon data samples (orange) and compared them with the expected distribution from the
reconstructed transformation (blue). a,b, Output data samples, including all bunching configurations, for input state A with
NA=10200 events (a) and B with NB=1800 events (b). The total variation distances (TVD) between the theoretical distri-
butions and experimental samples are TVD(A) =0.162± 0.004 (a) and TVD(B) =0.205± 0.009 (b). Theoretical distributions
take into account partial indistinguishability between the input photons. c,d, Experimental C-datasets (orange) corresponding
respectively to the input states A and B, compared to the absolute value of the corresponding sets expected from the recon-
structed transformation (blue). e,f, Histograms of C-datasets for hypothesis D (distinguishable, red) and I (indistinguishable,
blue) for input A (e) and B (f). Error bars in the experimental data samples a,b are due to the Poissionian statistics of photon
counting measurements, while error bars in c,d are generated via Monte Carlo simulations from the experimental data.

it to one cloud or another.
The full C-dataset of our device consisted of

(7
2
)
=21

two-mode correlators, while the output distribution
counted

(7+3−1
3
)
=84 three-photon configurations includ-

ing also collision events (more than one photon per out-
put port). To experimentally estimate the correlators,
i.e. to isolate the two-photon statistics from the three-
photon experiments, we collected all events where three
particles are detected in the output modes arrangement
(k, l, m), with k, l, m ∈ [1, 7] (Fig. 1). Let us introduce
the quantity Nklm, that is the number of times in which
a certain (k, l, m) configuration is sampled, N the total
sample size and ni

klm, the eigenvalue of the number op-
erator in mode i of the output state (k, l, m). Then, the
two-mode correlators can be estimated as

〈n̂in̂j〉 '
1
N

∑
m≥l≥k

ni
klmnj

klmNklm

〈n̂i〉 '
1
N

∑
m≥l≥k

ni
klmNklm.

(2)

Below we provide a short scheme of our experimental
implementation, while a more thorough description can
be found in Supplementary Note 2 and Supplementary
Fig. 2.

Experimental setup

A crucial step in the application of the protocol is the
evaluation of the full two-mode correlator set Cij . For our
experiment, we selected a random 7-dimensional unitary
transformation and implemented it on an integrated cir-
cuit via femtosecond laser-writing technique13,15. Single
photons were generated via a four-fold parametric down-
conversion process, where up to three photons were in-
jected into the circuit and one acted as a trigger. The full
output probability distribution was then measured for
both indistinguishable (I) and distinguishable (D) pho-
tons. Switching between the two cases was made possible
by inserting or removing the interferential filters and de-
laying the optical paths one with respect to the other,
which ensured respectively spectral and temporal indis-
tinguishability.
While on one hand the percentage of bunching config-

urations becomes quickly negligible39 when m � n2, a
practical issue arises when it comes to measure their con-
tribution, since photon number-resolving detectors are
still a cutting-edge technology. To overcome this limita-
tion and achieve approximate photon number resolution,
we arranged, at the output of each optical mode, a cas-
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FIG. 3. Assessment of multi-particle interference. At the final stage of the algorithm we plot our experimental points
(yellow disks) in the NM-CV plane. The normalized mean (NM) and the coefficient of variation (CV) are reported for
the C-datasets corresponding to the two inputs A and B and for the two alternative hypotheses (I: indistinguishable; D:
distinguishable). a, Experimental points can be assigned to one of the two clouds numerically generated by 104 Haar-random
unitary transformations for I (blue) and D (red) particles, according to a given classification algorithm. Here, red and blue
circles are the centroids predicted by RMT. b, Clouds (I: green; D: light orange) are numerically generated exploiting
knowledge on the implemented circuit, by sampling 104 random unitaries according to the structure adopted for our integrated
circuit. Centroids of the new clouds (orange and green squares) do not coincide with the RMT predictions (red and blue circles).
In both plots, the axes of the yellow disks correspond to 2 standard deviations, as estimated via a Monte Carlo simulation
from the experimental data. Triangles, representing the means of the experimental points A and B for distinguishable (red)
and indistinguishable (blue), fall well in their respective clouds, allowing for a confident discrimination of the datasets.

cade of in-fiber beamsplitters (FBS), to separate the out-
put photons in different auxiliary modes (see Supplemen-
tary Note 2 and Supplementary Fig. 2). As a fair com-
promise between photon-number resolution and losses in-
duced by the FBSs we cascade two layers of FBSs, for a
total of 7+2×7=21 modes and synchronized detectors,
plus one trigger channel to postselect on true four-fold
events (3+1).

Fig. 2 reports the measured output sample of our in-
terferometer. Frequencies of all configurations have been
reconstructed by merging combinations of three clicking
detectors to retrieve the correct Nklm arrangement, ac-
counting for biases due to relative losses and unbalanced
detection probabilities. We have collected a data sam-
ple of NA ∼ 104 and NB ∼ 2 × 103 for the input states
A=(1, 4, 5) and B=(1, 3, 6) respectively. The agreement
with the distribution expected from the reconstructed
unitary transformation has been estimated through the
total variation distance (TVD), defined as the half L1-
norm of the difference between the two patterns. The
measured accordance is good for both input states, as
shown in Fig. 2a and Fig. 2b.

Experimental data analysis

After measuring the output data samples, we use
the protocol to discriminate between distinguishable and
indistinguishable photons for the two measured input
states, by calculating the full set of two-mode correlators
(Fig. 2 c-f). Fig. 3 summarizes our analysis from the
protocol, where experimental points relative to the cases
(I, D) and inputs (A,B) are displayed as yellow disks on
the (NM, CV) plane, according to Eq. (1). Blue and red
colors in the figure indicate the quantities related to in-
distinguishable and distinguishable photons respectively.
Each of the four points can then be assigned to one of
the two hypotheses (I, D) according to a suitable metric,
which defines a distance from the two centroids evaluated
via Random Matrix Theory33, indicated by the blue and
red circles. As we see in Fig. 3a, this approach allows
the algorithm to perfectly discriminate data for input B
and for input A with distinguishable photons, though
it incorrectly identifies the point corresponding to input
A with indistinguishable photons, which appears closer
to the centroid of the D distribution. However, while a
single transformation can yield an incorrect assignment
for low-dimensional Hilbert spaces, one can exploit infor-
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mation from multiple unitary evolutions to get stronger
evidence. Indeed, the means of the pairs of points (dis-
tinguishable A,B and indistinguishable A,B), indicated
as triangles on the graphic, perfectly fall in their respec-
tive regions of the plane, thus allowing to discriminate
the two conditions with a much stronger confidence.

We can study this separation more in detail and in-
clude in our analysis the spatial distribution of (nu-
merically generated) points related to Haar-random uni-
tary transformations40,41 for the two particle types (Fig.
3a). We now recast the identification of the most proba-
ble hypothesis into a classification problem where, given
one point and two clouds with labels I or D, we want
to choose the most suitable assignment according to a
specific algorithm and model. Indeed, this is a well-
developed task in machine learning, giving us access to
several off-the-shelf algorithms to perform this task42 (see
Supplementary Note 3 and Supplementary Figs. 3-4 for
a detailed discussion). Fig. 3a itself provides a visual
description of this analysis, where colored backgrounds
separate the regions of the plane associated to the labels
I or D according to a support vector machine classifier.
We can now move a step ahead and observe that we

did restrict our analysis to a scenario where we ignore the
structure of the circuit implemented. This aspect may in-
troduce a slight bias on the cluster generation, which we
can clearly observe in Fig. 3b. Here, the same experi-
mental points of Fig. 3a are discriminated using clouds
corresponding to random circuits with the same structure
of our interferometer, i.e. with symmetric beamsplitters,
random phase shifters, and different input states. Apply-
ing a quantitative analysis analogous to the one in Fig.
3a, we observe that this restriction permits to recover the
correct classification. In Supplementary Notes 4-5 and
Supplementary Figs. 5-6 we discuss the role of partial
particle indistinguishability, and we show that this sta-
tistical approach can be adopted also in this more general
scenario to extract information on the system.

Once outlined how to elaborate data in order to as-
sign an experimental dataset to one of the alternative
hypotheses, we discuss the feasibility of the overall proce-
dure from the point of view of the physical resources em-
ployed by the validation protocol. Fig. 4 shows summary
results in this direction, obtained from numerical simula-
tions based on the same pool of data reported in Fig. 2.
Specifically, regardless of the choice of the technological
platform (single-photon sources, integrated circuit and
single-photon detectors), we abstract two natural aspects
that can undermine its implementation, namely (i) the
photon-number resolution and (ii) the number of mea-
sured samples necessary to reach a good confidence in the
acceptance/rejection of a hypothesis. Results from these
analyses are shown in Fig. 4 with dashed and continuous
ellipses respectively. Concerning the photon-number res-
olution, the issue relies on the necessity of having avail-
able a large number of number-resolving photodetectors,
ideally one per output mode. This requirement might be
partially relaxed by arranging more complex apparatus43
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FIG. 4. Dependency of the discrimination on output
subsets and sample size. Here we study the amount of
physical resources required to effectively perform the proto-
col. The analysis is carried by averaging over (i) all subsets of
the C-dataset corresponding to 4, 5, 6 and 7 output modes,
and (ii) over datasets of increasing size. In both cases, means
(not shown) for inputs A and B are represented by the centers
of dashed (i) and continuous (ii) ellipses, with axes equal to
one standard deviation. i) We find that five output modes
would be already sufficient for our 3-photon, 7-mode exper-
iment to correctly assign each dataset to the correspondent
cloud with good confidence. Such possibility should be even
enhanced for larger dimensions of the unitary transformation,
thanks to the larger separation of the clouds. ii) Points are
averaged over 300 random extractions from the full dataset
of subsets with different sizes, where the first contains 200
events and all the other subsets are increased by additional
200 (from bottom to top). Data relative to distinguishable
(indistinguishable) photons are shown in red (blue) and col-
ored ticks locate the centroids of the corresponding clouds,
while triangles represent the means of the experimental points
A and B using the complete datasets, as in Fig.3.

which inevitably entail further practical obstacles such as
increased photon losses. We then investigated the possi-
bility of relying on fewer number-resolved output modes
for the protocol. This aspect can be estimated by post-
selecting on the events that preserve the total number of
photons and averaging the moments (NM, CV) over all
possible subsets of the C-dataset corresponding to only
4, 5 and 6 modes. Observing that five modes suffice in
our case for a reliable application of the protocol, and
since the clouds become more and more separated as n
and m increase, in perspective we find this possibility
encouraging for larger-scale implementations.
Furthermore, along the same direction, we investigated

the dependency of the prediction of the protocol on the
sample size. Results for this numerical simulation are
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shown with continuous ellipses in Fig. 4, where we plot
five points corresponding to subsets containing multiples
of N = 200 events, averaging over 300 random extrac-
tions of these subsets from the complete experimental
dataset. For a sample size with 103 events, the two
means (at the center of the ellipses, corresponding to
one standard deviation over the random extractions) are
already close to the final values. Interestingly, we note
that the estimate of the final values rapidly converges
for the first-order moment (NM) while it takes a larger
dataset to shape the C-dataset for a reliable estimate of
the second-order one (CV). This result is in perfect qual-
itative agreement with the efficacy of the two estimators
to discern signatures of true multi-photon interference,
as will be shown in Fig. 5.

Generalizing the scheme
with random forest classifiers

Inspired by the analysis in the original proposal33, we
investigate the efficacy of a broader set of estimators to
discriminate between datasets with distinguishable and
indistinguishable photons. Our approach exploits sum-
mary statistics to identify highly effective signatures of
genuine interference. These quantities include common
measures of location, dispersion and shape for probabil-
ity distributions and help quantify global characteristics
of a given dataset in a unique figure of merit. To this pur-
pose, we choose a set of 10 estimators and study their ef-
ficacy in making classification algorithms separate clouds
of data associated to the two hypotheses. Following the
intuition of Ref.33, we consider as input for the classifica-
tion algorithm the two-mode correlators C-dataset given
by Eq. (1).

With regard to the classification we select the random
forest classifier (RFC), a learning method widely adopted
for classification tasks for its ability in handling both lin-
ear and highly non-linear dependencies42,44. The basic
mechanism of a RFC is to build a collection of decision
trees over the space of the dataset and point by point
output the mode of the classes of the individual trees.
Chosen the input data (the C-dataset) and the classifier,
we proceed in generating the input data to feed the RFC
and studied the contribution of each estimator to the
whole classification as seen by the classifier (see Supple-
mentary Note 6 and Supplementary Fig. 7 for technical
details)42. The basic idea behind this analysis is that not
all estimators provide the same amount of information to
help the RFC understand the logic to label each point.
However, thanks to the mechanism proper of decision
trees, which is based on iteratively querying each estima-
tor about entropic measures, it is possible to construct a
ranking of importance by retracing how successful each
estimator has been in performing the assignments (Fig.
5a). By repeating this analysis for various combinations
of (n,m) we identify a clear subset of summary statis-
tics that prove to be effective for discriminating the two

hypotheses (Fig. 5b).
Our qualitative analysis suggests at least two results:

first, we find that random forests indeed select two of the
first three moments (NM and CV) as highly informative
features for the classification, retrieving the observations
at the core of the validation protocol33. Furthermore,
also the qualitative scaling of their importance correctly
reproduces the one that was described in the original
proposal via direct numerical simulations: NM and CV
become respectively less and more meaningful as the di-
mension of the problem increases with (n,m). Similarly,
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in particular, by the Mean Decrease in Impurity (MDI) via
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tance of each estimator as the sum over the corresponding
number of splits in the RFC, weighted by the number of sam-
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from datasets of 104 samples. Each sample is constructed by
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variation; HM: harmonic mean; IQR: Interquantile range; K:
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mean; ROC: area under the ROC curve for the normalized C-
dataset; S: skewness; TVD: total variational distance of the
C-dataset, normalized to 1, from the uniform distribution.
Bars in the chart are ordered according to the legend below.
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though still less significant for this task in the range of
(n,m) reported in Fig. 5, also the third moment (S: Skew-
ness) exhibits the same -slowly- increasing trend found in
Ref.33. Finally, and importantly, our RFC classification
scheme allows to identify those quantifiers that are near-
to-optimal for a given decision problem in terms of, e.g.,
size and particle types. These may be quite distinct from,
and more efficient than, the lowest order statistical mo-
ments of the C-dataset as employed in Ref.33. Further-
more, the hierarchical ordering of different quantifiers as
achieved by the RFC analysis might be a reflection of
specific structural properties of the many-particle inter-
ference under scrutiny, and therefore motivates further
research. The capability of assessing their importance
makes RFCs very useful to gain effective insights, as well
as to filter irrelevant figures of merit or to capture un-
known connections between them. Moreover, the fact
that it does not require detailed knowledge on the sys-
tem makes this approach flexible and ready for use where
a complete theoretical picture is not available.

DISCUSSION

The assessment of genuine multi-particle interference
is a relevant task that is gaining increasing attention with
the development of new larger-scale quantum technolo-
gies. In this direction, we have provided the first exper-
imental demonstration of a very recent validation proto-
col capable to discern statistical features of three-photon
interference with an efficient and reliable approach. To
this purpose, we also extended the original analysis to
include machine learning algorithms for the classification
of datasets with different particle types, suggesting that
a joint approach between purely physical and learning
models may be beneficial. In particular, we have ex-
tended the analysis of Ref.33,34 to a broader classifica-
tion framework, where a whole set of statistical signa-
tures can cooperate to discern true multiphoton indistin-
guishability using pattern recognition techniques. Our
approach with random forest classifiers is flexible and
of broad applicability, suitable both to support exper-
imental analyses and to drive refined theoretical inves-
tigations into the relation between the structure of ex-
perimental data and of complex many-particle dynam-
ics. From the experimental perspective, our small-scale
proof-of-principle demonstration on a 7-mode integrated
interferometer highlights the robustness and the feasibil-
ity of the protocol, which is expected to perform even
better for higher dimensions of the Hilbert space33,34.
Together, our results pave the way for an application on
large-scale platforms, opening the possibility of achieving
additional improvements with the adoption of machine
learning techniques to help identify hidden patterns of
multiparticle interference.
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